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We focus on human capital measured by education outcomes (skills) and establish the relationship between human capital, R&D investments, and productivity across 12 OECD economies and 17 manufacturing and service industries. Much of the recent literature has relied on school attainment rather than on skills. By making use of data on adult cognitive skills from the Programme for the International Assessment of Adult Competences (PIAAC), we compute a measure of sectoral human capital defined as the average cognitive skills in the workforce of each country-sector combination. Our results show a strong positive relationship between those cognitive skills and the labour productivity in a country-sector combination. The part of the cross-country cross-sector variation in labour productivity that can be explained by human capital is remarkably large when it is measured by the average sectoral skills whereas it appears statistically insignificant in all our specifications when it is measured by the mere sectoral average school attainment. Our results corroborate the positive link between R&D investments and labour productivity, finding elasticities similar to those of previous studies. This evidence calls for a focus on educational outcomes (rather than on mere school attainment) and it suggests that using a measure of average sectoral cognitive skills can represent a major step forward in any kind of future sectoral growth accounting exercise.
Introduction
The key source of modern economic growth is productivity growth (e.g. Maddison, 2007) which is ultimately determined by technological progress (Solow, 1957) . Innovation and technological progress are driven by people's knowledge and skills which, in turn, are fostered by education and by research and development activities (R&D). Education -by equipping individuals with knowledge and skills -enables workers to use more efficiently existing technologies as well as to generate new ideas and, as a result, to stimulate innovation and technical change. Similarly, research and development activities deliberately aim at increasing the stock of knowledge and ideas and to find new solutions.
Since the advent of endogenous growth theories (e.g. Romer, 1986 Romer, , 1990 Lucas 1988 ) education as well as the stock of ideas present in the economy have been formally added to the traditional inputs of physical capital and labour as a determinant of economic growth. Shortly after, from the seminal works of Barro (1991) and Mankiw, Romer and Weil (1992) , empirical research on the relationship between human capital, productivity and growth has expanded tremendously. Most research has measured education through input-variables -namely through school-attainment or school-enrolment (e.g. Barro and Lee, 1993, 2013 ) -rather than through output-variables able to capture the actual knowledge and skills that education provides to individuals. This has led to some quite contrasting results on the role of human capital on productivity and growth. In recent years, a few studies -by making use of internationally comparable tests to assess students' cognitive skills -have started to measure human capital through educational outcome indicators. Hanushek and Woessmann (2008 found that the cross-country variation in GDP per capita growth that can be explained by human capital rises drastically when the country average of test scores are taken as a regressor instead of the country average years of schooling. However, to the best of our knowledge, no study has yet computed and used the average cognitive skills that the workforce in each sector of the economy has, i.e. a more precise measure of the human capital that is actually available in each sector.
In parallel, since the seminal work of Griliches (1979) , economists have widely analysed to which extent the output of a firm, a sector, or an economy is related to its stock of R&D (Hall et al., 2010) . However, considerably fewer studies have investigated how the impact of R&D on productivity varies across economic sectors (e.g. Ortega-Argilés et al., 2015; Verspagen, 1995) and no systematic study has yet looked at the joint impact of R&D and cognitive skills on productivity across different industries and countries.
Our paper aims to combine and cross-fertilise these strands of research in order to understand the interrelation of human capital, R&D investments and productivity across sectors and countries. The structural equation for the analysis is derived from a standard production function (e.g. Mankiw, Romer and Weil, 1992; Hall and Mairesse, 1995) where a measure of the average sectoral cognitive skills is taken as an additional right-hand factor for human capital, next to the traditional measures of fixed capital, labour stocks, and R&D investments.
Our results indicate a strong positive association between the cognitive skills of each country-sector combination and its productivity. The part of labour productivity that can be explained by human capital is remarkable large when it is measured by the actual skills of the different workforce, whereas it shows up statistically insignificant in all our specifications when measured by the sectoral average school attainment of the workforce. Our regressions confirm the positive link between R&D investments and labour productivity, finding very similar elasticities to those of previous studies (e.g. Verspagen, 1995; Bartelsman, 1990) .
The rest of the paper is structured as follows. Section 2 discusses the theoretical background explaining the education-R&D-productivity relationship. Section 3 presents the empirical evidence on the returns to education and R&D. Section 4 describes the data used in our analysis and our sample. Section 5 explains our econometric estimation Model. Section 6 discusses the distributions of skills, R&D and productivity across the 12 countries and 17 sectors of our analysis. Section 7 presents the results. Finally, section 8 concludes and discusses our findings.
Theoretical background: how education and R&D affect productivity
Education, by equipping people with skills and knowledge, makes individuals more productive in performing their tasks as well as in adopting and using existing technologies; furthermore, it enables them to generate new ideas that, in turn, foster innovation and technological progress (Woessman, 2016) .
Similarly, R&D investments and the resulting innovation can boost productivity by improving the quality or reducing the average production costs of existing goods or by widening the range of final goods or intermediate inputs available (Hall et al, 2010) .
In spite of their importance, human capital and the stock of ideas present in the economy have not been formally included into growth Models until the Nineties when endogenous growth theories rose. The socalled "new-growth theories" included these elements into two sets of Models; one set of theories emphasized the importance of R&D activities while another one focused on the key role played by human capital. According to the first strand of growth Models (e.g. Romer, 1990; Aghion and Howitt, 1992; Grossman and Helpman, 1991) , R&D activities -by intentionally aiming to increase the stock of knowledge and ideas to find new solutions -generate technological progress and therefore increase economic output. The other approach (e.g. Lucas, 1988; Romer, 1986) stressed the idea that skilled human capital -by using existing technologies in a more efficient way and, at the same time, by generating new ideas, new processes or products -could spur innovation and, therefore, increase economic output.
Some scholars, by combining these two approaches, have pointed at the complementary link that characterises R&D and skills. In fact, R&D activities cannot per se be conducive to innovation if the firms' employees are not adequately skilled. Nevertheless, the causality of this link can plausibly run two-ways.
An increase of R&D investments and a leap in technological progress can be considered both the cause and the consequence of an increase in the skill endowment present in a certain country/sector/firm. On the one hand, economists have largely put forward the idea of skill-biased technical change to indicate that the improvements in ICTs and in the production technologies that occurred since the 1970s have been conducive to labour upskilling (e.g. Autor et al, 1998; Machin and Van Reenen, 1998) . They stressed the idea that mundane activities have been increasingly automatized and performed by machines with a consequent decrease in unskilled-labour demand; at the same time, using, mastering and creating the new technologies has required more skilled-workers, resulting in an increase in the demand of skilled workers and in relative wages. In other words, innovation and the demand of highlyskilled individuals are mutually reinforcing: innovation increases the demand for non-routine jobs which, in turn, generate new products and processes (Levy and Murnane, 2012) . On the other hand, one might expect that an initial high endowment of skilled individuals can increase the expected returns from R&D and, therefore, encourage firms to further invest in R&D. This is why a few authors have put forward the idea of induced-bias technological change (e.g. Accemoglu, 1998; Piva and Vivarelli, 2009 ).
Empirical evidence
Several empirical studies have tested the role that R&D and human capital play on increasing economic output at the micro-, meso-and macro-level.
Since the seminal work of Griliches (1979) , which was published a decade before the surge of new growth theories, economists have widely analysed to which extent the output of a firm, of a sector, or of an economy is related to its R&D capital stock (for comprehensive reviews at the different scales of analysis see Griliches, 2001; Hall et. all, 2010) . The literature on the topic is solid and, in general, has found that the returns of R&D investments are strongly positive and usually higher than the ones on physical capital 2 . Nevertheless, relatively fewer studies have investigated the R&D-productivity relationship at the sectoral level (e.g. Bartelsman, 1990; Ortega-Argilés et al., 2015; Verspagen, 1995) and, when they have done so, they have mostly concentrated on manufacturing industries. Analysing the returns of R&D at the firm level offers a limited perspective because it does not capture the effects of knowledge spillovers which may be generated from the R&D stock present in the industry. Furthermore, looking only at manufacturing may represent a rather restrictive analysis giving the increasing importance that R&D activities have assumed in the service sector, i.e. a sector which comprises about threequarters of the GDP of developed countries (Jorgenson and Timmer, 2011) .
In parallel, the impact of human capital on productivity and growth has been widely tested in the past decades. Empirical studies have relied almost exclusively on education input-measures -e.g. school attainment or school enrolment ratios (e.g. Barro and Lee, 2013 ) -rather than on output-variables able to capture the actual knowledge and skills that education provides to individuals. Findings have been mixed especially at the macro level. On the one hand -since the seminal works of Barro (1991) and the augmented-Solow Model tested by Mankiw et al (1992) -several studies found a positive relationship between education and economic growth (for a broad review see Sianesi and van Reenen (2003) ). Ciccone and Papaioannou (2009) found not only that countries with higher initial education levels experience faster value-added growth, but also that more educated countries experience faster growth in skill-intensive industries.
On the other hand, other similar cross-country studies (e.g. Pritchett, 2001; Benhabib and Spiegel, 1994) found no significant association between educational attainment and productivity or growth. Only recently, empirical research has started using outcome measures of education, showing that -when measured by the actual skills that the people have learned and developed -human capital appears to be a (if not the most) central determinant of country's long-run economic growth. Hanushek and Woessmann (2008 -by using internationally comparable test scores measuring cognitive skills -found that the cross-country variation in GDP per capita growth that can be explained by human capital rises drastically when the country average of test scores (in math and science) are taken as a regressor instead of the country average years of schooling. Furthermore, when they include the initial average school attainment of each country in the regression Model, the years of education remain statistically insignificant suggesting that what matters for economic growth is what people know and not how many school years it took them to acquire those skills. These results have been further corroborated with a set of robustness checks to address possible problems of reverse causality and omitted variables. Hanushek and Woessmann (2015) , after instrumenting the average test scores (by using characteristics of each national schooling system) or, for a subsample of countries, relating within country variations in growth and in average test scores, confirmed the causal link between human capital and growth.
The effects of the distribution of skills in the population are not yet clear. Hanushek and Woessmann (2015) found that improving both ends of the distribution is beneficial and complementary: a sound basic achievement skill level for the population at large is crucial to increase the average productivity of the country; at the same time, the extent to which a country has outstanding performances at the very top can be fundamental in order to have "rocket scientists" who are the engine of new ideas and technologies (Woessmann, 2016) . At the same time, results by Coulombe et al. (2004) -who analyse labour productivity growth (measured as GDP per worker growth) and relate that to the average literacy scores of the population aged 17 to 25 in fourteen OECD countries -suggest that labour productivity is mainly influenced by the average cognitive skills of the entire workforce, rather by the ones of the highly-skilled workers.
These studies paved the way for a more extensive use of educational outcome measures to analyse the impact of human capital on economic results. So far, the recent studies relating cognitive skills to GDP growth (e.g. Hanushek and Woessmann, 2008 have generally relied on students' assessments of cognitive skills 3 . These measures can be good indicators of the quality of education; however, since they reflect only the knowledge that (secondary education) students have, they do not represent the human capital that is embodied in the workforce. Their skills of the workers operating in the various industries are shaped not only by the formal education that they received, but also by the several experiences and trainings that they have gone through their working life. In our analysis, by making use of data on cognitive skills from the Programme for the International Assessment of Adult Competences (PIAAC), we compute the average sectoral cognitive skills of the workforce operating in 12 economies and 17 economic sectors.
Data and sampling
Data for our study comes from three different sources. The socio-economic satellite accounts of the World 3) for OECD countries. Business R&D expenditures include all R&D activities carried out in the business sector, regardless of the origin of funding (private or public). Finally, our primary data source is represented by the OECD's Programme for the International Assessment of Adult Competencies (PIAAC). Given the novelty and the originality of the latter data, we concentrate mainly on describing the PIAAC micro-database and the way in which we computed our sectoral measures of cognitive skills.
The PIAAC data
The PIAAC survey provides internationally comparable data on cognitive skills of the adult population in 24 countries or sub-national regions 5 . In each country, a selected sample of 16-65 year-old population has been interviewed between August 2011 and March 2012. Different sampling schemes have been used and re-aligned with post-sampling weightings to meet the real population counts.
PIAAC assesses three domains of cognitive skills, i.e. literacy, numeracy and problem solving in technology-rich environments. Prior to the skills assessment, PIAAC respondents have been asked to complete a background questionnaire which provides key extensive information on respondents' education, employment, work experience, health, family and workplace characteristics 6 . The indicators of skills proficiency have been constructed by making use of adaptive testing and Item Response Theory (ITR), deriving ten plausible values on a 500-points scale and 80 replicate weights for each participating individual 7 . The OECD has divided the population into 6 proficiency levels, according to the score associated to their test (see Table A in Appendix and OECD, 2013a). As pointed out by the OECD (2013a), skill proficiencies of the three domains appear highly correlated with each other. Since questions on problem solving in technology-rich environment have been posed only to about two-thirds of the respondents -namely to those respondents who reported to have some computer experience 8 -we excluded this domain from our analysis. Literacy is defined as "understanding, evaluating, using and engaging with written texts to participate in society, to achieve one's goals, and to develop one's knowledge and potential" (2013b:470). Numeracy is defined as "the ability to access, use, interpret and communicate mathematical information and ideas, in order to engage in and manage the mathematical demands of a range of situations in adult life" (2013b:474). The test scores in these two skills appear to be strongly correlated 9 . Given the high correlation coefficient (r>0.9), in our main analysis we make use only of numeracy scores 10 . Thanks to the workplace information contained in the background questionnaire, we could identify the economic sector of activity of the respondents and calculate the average sectoral cognitive skills in each country-sector combination. In order to have the most accurate measures, our average sectoral cognitive skills have been calculated by taking into account all the plausible values available for each individual participating in the PIAAC survey and the replicate weights associated to him/her 11 .
Data trimming
The presence of inconsistent or incomplete information and the fact that PIAAC data has been collected only in one wave forced us to use a rather parsimonious specification. The PIAAC database contains information on the sector where the workers are working at 2-digit ISIC rev.4 level 12 ; the ANBERD database provides information on R&D investments broken down at 2-digit ISIC rev.3 level or 2-digit ISIC rev.4 level; the WIOD socio-economic satellite accounts provides information on labour, fixed assets, and value added for 35 industries which largely follow the ISIC rev. 3.1 classification. After controlling for the different classifications, we identify 12 countries and 17 sectors of activity, both in manufacturing and in services, resulting into 204 country-sector combinations. As reported in Table 1 , all major industries and 12 principal OECD countries are part of this sample. Different from other international cognitive skill tests -most notably international students' achievement tests such as PISA and TIMSS -cognitive skills tested in PIAAC measure skills of the actual labour force.
In this way they take into account also the skills that have been developed during adulthood through work experience or on-the-job training. Therefore, they represent a more accurate measure of the actual human capital that is present in the different workforces across different countries and sectors. Differently from other studies (e.g. Coulombe et al., 2004 who take average test scores of the population aged 17 to 25 or Hanushek and Woessmann, 2015 who use test score of secondary-education students) we analyse the test scores of the individuals that are employed in one of the 17 sectors of our analysis.
Econometric estimation Model
We define our estimation Model by taking an extended Cobb-Douglas production function (e.g. Griliches, 1986; Mankiw, Romer and Weil, 1992) as follows (1) where Qij is the output in country i, sector j measured by total value added, Lij is labour measured by the total number of workers, Cij is physical capital 13 ; RDij is the knowledge capital measured by expenditure in R&D 14 , and SKILLSij is the average cognitive skills, i.e. the two key variable of interest in our analysis.
The parameters α1, α2, α3, α4 are elasticities, whereas εij is a random disturbance term.
Taking logs of (1) we get (2) Dividing (2) by the total stock of workers of each country-sector combination, we get our measure of labour productivity defined as
Using value added per worker relaxes possible restrictions on constant returns to scale (Hall et al, 2010) ; the term (α1 + α2 + α3 -1) measures the possible deviation from constant returns to scale. Since only one observation in time is available for the average sectoral cognitive skills, we are limited to adopt a crosssectional setting. Our measure of average sectoral cognitive skills -which has been computed from the PIAAC micro-database -refers to 2011/12 15 . However, we use value added, labour, capital stock, and
R&D flows values of 2007 (in USD dollars at fixed prices of 1995). First, economic indicators of year 2007
have not been affected by the crisis and therefore are closer to the current sectoral performances than those from 2011/12. Second, the WIOD database provides detailed information for fixed capital stock for 2007; using newer data would have implied a significant loss of observations in our analysis, as more recent years contain only for a few country-sector combinations. Third, we assume that the average cognitive skills present in a sector is rather stable and does not significantly change in the short-tomedium term; therefore, the average skills present in a certain sector in 2011 can be considered a good proxy of the average level of skills present in the same sector four years before.
13 As common practice, note that in the WIOD database physical capital stocks have been computed by using the perpetual inventory method. In practice, the following formulas have been applied: Ci,0= Ii,0/(g+δ) and Ci,t= Ci,t-1 (1-δ) + Ii,t where I is the gross investment in fixed assets, g is the average growth rate of the capital stock and δ is then depreciation rate. For further details see Erumban et al., 2012. 14 Note that in our analysis R&D here refers to the R&D investments of the year of analysis (i.e. 2007). Since we deal with a crosssection setting and we use pre-crisis R&D expenditures, the elasticities of R&D investment do not significantly differ from the ones that one would obtain by using R&D capital stocks. 15 PIAAC survey has been conducted between 2011 and 2012; the exact month/year varies across countries. For details, see OECD (2013b) .
In order to have comparable values, by using the detailed sectoral information contained in the WIOD database, we build country-sector specific deflators defined as (4) where j identifies the 22 sectors of our analysis, z represents the 33 sectors available in the WIOD database, VAizt is the total value added at current prices of country i, sector z and year t, and VA_FX izt is the total value-added at fixed prices of 1995 16 .
Descriptive statistics
In today's knowledge-economy, acquiring skills and knowledge has become increasingly important across virtually all sectors of activity. However, this occurs at different scales, depending on the sector. When we compare the average sectoral numeracy scores across the 17 industries of our analysis, substantial heterogeneity emerges across sectors. As showed in Figure 1 , out of a 0-500 scale, we find that the average sectoral numeracy score lies between 259 points and 294.5 points. Six (out of seventeen) sectors employ, on average, workers which have rather advanced numerical skills (i.e. they can recognize and work with mathematical relationships, patterns, and proportions as well as interpret and analyze data and statistics which may be less explicit not always familiar, and represented in more complex ways 17 (OECD, 2013b: 523) ). The remaining 11 sectors employ workers that on average have medium-low numeracy (i.e. they can only apply a few steps or processes involving simple calculation with whole numbers and common decimals, percents, and fractions 18 (OECD, 2013b:522) ).
Our analysis shows that the financial and insurance sector is the most skill-intensive industry. This is in line with the findings from Jorgenson and Timmer (2011) . Our data allow us to show more fine-grained variations in the sectoral skill distribution than previous analysis. For instance, Jorgenson and Timmer (2011) show manufacturing to be among the least skill-intensive industry. Our results consistently point out that only part of the manufacturing industries (i.e. low-tech manufacturing) is among the least skillintensives sectors. High-tech manufacturing industries (e.g. electrical and optical equipment) in contrast are high-skill sectors. 16 Note that to run the analysis in the same currency (i.e. USD), we use market exchange rates. The alternative is to use purchasing power parities (PPP) which measure the relative prices of the same basket of consumption goods in different countries. We have opted for market exchange rates for two main reasons. First, PPP conversion rates are not available at the sectoral level of aggregation required by our analysis: as recently pointed out by Van Biesebroeck (2009), cross-country cross-sector productivity comparisons done through aggregate PPP rates conduce to persistent sectoral biases and deviations which are not necessarily minor than the ones created by using market exchange rates. Second, as all the 12 countries of our analysis are advanced economies, the difference between market exchange rates and PPP rates tend to be small. 17 This corresponds to Proficiency Level 3 as defined in the OECD PIAAC Technical Report. For further details, see Table A Sectors are ranked in descending order of mean score in numeracy (on a 0-500 scale). Blue dots indicate the cross-country sectoral mean, whereas the two whiskers indicate the maximum and the minimum country average numeracy within each particular industry. Source: own calculations based on the OECD Survey of Adult Skills PIAAC (2013).
The red bars of Figure 1 show that the cross-country within-sector variation is quite remarkable: for instance, the rubber and plastic industries employs workers that have on average medium-high numeracy scores in Japan and low numeracy scores (i.e. workers can perform only basic arithmetic operations or understand simple percentages and fractions 19 (OECD, 2013b: 521)) in Italy.
Internationally comparable data on the distribution of average school attainment by sector is limited 20 . The PIAAC micro dataset allows us to compute the average years of schooling across sectors. The sectoral distribution of schooling only partly reflects the distribution of numeracy skills. The financial and insurance sector is the sector where workers have both the highest average cognitive skills and the highest average school attainment. Electrical and optical equipment industries are second in terms of average numeracy skills (Figure 1 ), whereas they are only forth in terms of average years of school (Table 2) . 20 The measures of educational attainment by industry available have been mostly built using direct or extrapolated values coming from labour force surveys or census data. For some countries no detailed information on the educational attainment of the workforce by sector is available; these are imputed based on the distribution of sectoral educational attainment of other similar countries (e.g. Malta in Erumban et al, 2012) . At the European level, data on educational attainment by sector has been collected in 2014 through the European Union Structure of Earnings Survey (SES). The SES uses a more aggregate sectoral level (i.e. NACE Rev. 2, one digit level) than the one used in our analysis; this results into having all manufacturing industries grouped together in one category (whereas our analysis includes twelve different manufacturing industries). Eurostat-SES data reveal that manufacturing industries are among those with the lowest percentage of tertiary educated workers (e.g. according to these statistics, only approximately 22% of the total workforce in manufacturing has completed at least a short-cycle tertiary education or a bachelor degree, whereas over 52% of the workers of the financial and insurance sector have obtained a higher education degree). Therefore, this kind of data is not able to catch the very different average school attainment levels that are present within the manufacturing industries. When we look at the average distribution of skills for the workers in the 17 industries of our analysis, some remarkable cross-country differences emerge.
In line with what pointed out by the OECD (2013a, 2016b), overall the countries with the highest educated population are Japan, Belgium and the Netherlands, whereas at the lower end, we find Spain and Italy. However, as shown in Table 3 , the sectoral distribution of skills within each country varies significantly. The workers of the sector with the highest numeracy in Korea have on average almost the same score as the ones of the sector with the lowest average numeracy in Japan. In most countries of our sample (8 countries out of 12) finance and insurance is the sector where the workers with highest numeracy cluster. For all countries, medium-and low-tech industries (e.g. textiles or the food industries) are the sectors with the average lowest numeracy scores. 
Results
Substantial heterogeneity emerges across industries with respect to the relationship between the average cognitive skills of their workers and their average productivity. Figure 2 plots this relation for the seventeen industries included in our analysis. As it appears even more clearly in Figure 3 , the correlation between cognitive skills and productivity varies substantially across sectors: it is strongly positive for hightech industries and knowledge-intensive business services (e.g. chemicals and pharmaceuticals, dark blue in Figure 2 , and electrical and optical equipment, dark green in Figure 2 ), whereas it does not turn out statistically meaningful for low-tech industries (e.g. textiles). The regression Table below (Table 4) shows our results. In Model 1 we include the key variables of the analysis, noting that the average sectoral numeracy present in each sector, as well as its R&D expenditure and capital stocks are positively and significantly associated with productivity; the coefficient of labour indicates a small (positive) deviation from constant returns to scale.
In Model 2, we control for country specific effects: the statistical significance of R&D expenditures vanishes, whereas the average sectoral cognitive skills present in each sector-country combination still remains positive and significant. This Model explains almost 85% of the cross-country cross-sector variation in labour productivity. When we control for sectoral specific effects (Model 3), the reverse happens, i.e. the association between R&D flows and labour productivity appears to be positive and statistically meaningful, whereas skills do not appear to be statistically significantly correlated with productivity. This clearly reveals that skills are strongly associated to sectoral specificities 21 . In Model 4
we run the same specification of Model 1 and we substitute our measure of average sectoral cognitive skills with a more commonly used measure of human capital (i.e. average years of schooling); we see that human capital does not appear to be significantly associated to labour productivity. When, in Model 5, we include both these human capital variables -despite the high positive correlation between them 22 -the average sectoral cognitive skills measure remains positively and significantly associated with productivity, whereas the average school attainment does not. In line with previous studies which looked 21 In a separate Model (that we have not included in Table 4 ), we control for both sector and country specific effect. The results of that Model are very similar to those of Model 3. However, giving the relatively low number of observations, including both country and sector dummies leads to a loss of a relevant number of degrees of freedom. 22 Note that average years of education and average numeracy are -as expected -positively correlated (correlation coefficient = 0.67). at the relationship between schooling, cognitive skills, and GDP growth, these results suggest that "school attainment has no independent effect over and above its impact on cognitive skills" (Hanushek and Woessmann 2008: 639) . Coefficients are reported with robust standard errors. ***, **, * indicates significance at the 1, 5, and 10 percent level respectively.
In Model 6, we control for possible complementarities between R&D and skills. The Model shows no significant super-modularity property between R&D and cognitive skills, but it confirms the strong positive association between average sectoral cognitive skills and productivity.
In Model 7 we look at the distribution of skills within each sector. As already mentioned, PIAAC scores are on a 0-to-500 scale; the OECD has divided the population into 6 proficiency levels (see Table A in appendix), according to the score associated to their test. In Model 7 -in order to test if the sectoral average labour productivity is associated not only to the sectoral average numeracy, but also to the distribution of the cognitive skills within each sector -we include the percentage of workers with the highest proficiency level 23 across the different country-sector combinations. We note that the percentage 23 Since the percentage of people with proficiency level 5 is extremely small, we consider proficiency level 4 as the highest proficiency level in our distribution of cognitive skills. Note that in a separate Model (not reported in this article, available under request), we control for the shares of individuals in all the five proficiency levels, finding that none of them appears to be statistically significant.
of workers with the highest numeracy proficiency level is positively correlated with labour productivity also when we include sectoral dummies; the correlation still holds also when we include schooling (i.e.
average years of education) and average sectoral numeracy scores. By making use of Model 1 and of the real values observed in each country-sector combination, we analyse how much of the productivity of each country may be explained by -or, more appropriately, appears to be associated with -the four key factors of our analysis. Figure 4 shows the cross-sectoral average productivity of each country. The length of each segment bar represents the country crosssectoral average productivity. Each segment is divided into 5 sub-parts which show our research efforts to find possible sources for the different productivity performances. The first four sub-bars show how much each of the four key variables of our analysis is estimated to be associated with the average (crosssectoral) labour productivity of each country. The last sub-bar is given by the sum of two components, namely the constant and the residual (i.e. the part of the average sectoral productivity that is not explained by our Model). It is important to underline that the calculations used for Figure 4 are illustrative rather than conclusive for different reasons. First, several other factors may influence the productivity and the key explanatory variables that we have included in our Models. This means that the variables we use may take credit from other factors and un-measurable conditions. Furthermore, there might be a reverse causality: for example, a sector characterized by high labour productivity may push firms to further invest in their skilled personnel and increase their R&D expenditure. The fact that internationally comparable workers' cognitive skills measures are available just for one point in time allows us to show the magnitude of the relationship between skills and productivity, but not to infer possible statements about its causality.
The development of different waves of adult cognitive skill tests and the creation of a longitudinal dataset is key to go beyond correlational evidence and to better inform policymakers. Keeping in mind these limitations, our Model 1 shows that the average level of cognitive skills present in a sector, as well as its R&D investments, its fixed assets and the size of its workforce are together associated to 69 percent of the variation in labour productivity across sectors and countries. Furthermore, the positive association between skills and productivity remains strong even after allowing for the average sectoral school attainment, suggesting that the level of cognitive skills matter for labour productivity over and above the numbers of years spent in education.
Conclusions, discussion and policy recommendations.
We present here the first study at a sectoral level relating productivity of workers to their skills. The relationship between sectoral cognitive skills and sectoral productivity is found to be positive and strong, especially in high-tech sectors, i.e. in those sectors where innovation is most central. Average school attainment in a sector is not related statistically to sectoral productivity. But R&D investments per worker, capital per worker and the size of the labour force in the sector bear a significant relationship with sectoral productivity.
Education and the resulting human capital -the knowledge and skills of individuals -may contribute reaching many goals which are central in virtually all policymakers' agendas. These include increasing health consciousness, improving tolerance and civicness or reducing crime rates. Beyond these advantages, the evidence that we presented here suggests that human capital of workers can increase the productivity of the sectors they work in.
To the best of our knowledge, all research on human capital at the sectoral level relied on direct or extrapolated measures of workers' school attainment. However, this measure of human capital suffers from two major shortcomings. First, equal amount of years spent in school can lead to very different quantities and qualities of skills, both across countries and within a country, depending on the quality and the type of schools. Second, skills development continues also after school. In particular, learning at work, through formal training or through learning-by-doing, is crucial to acquire less easily codifiable knowledge, as well as to maintain the skills already developed and to keep up with organizational and technical change (Borghans et al, 2001; Hanushek and Woessmann, 2016 against, on average, 35% in OECD economies), also the percentage of those who are innumerate is much higher (9.1% in the US against, on average 5% in OECD countries) (OECD, 2013a).
Our analysis confirms that there is no correlation between increasing the years of education of the workforce and the increase in workers' productivity. Furthermore, we found a strong positive relationship between sectoral labour productivity and sectoral human capital when human capital is measured by the actual skills of the workforce. On the contrary, the relationship results statistically insignificant in all our specifications when it is measured by the mere average school attainment of the workforce present in each industry. The productivity-premium for skills remains strong even after allowing for the average sectoral school attainment of the workforce.
Our analysis confirms that internationally comparable cognitive skills tests offer a better approach to measure human capital and to understand its relationship with productivity. Compared to recent studies (e.g. Hanushek and Woessmann, 2008 that have used internationally comparable cognitive skills test scores, our research presents two main novelties. First, to the best of our knowledge, none of these studies has looked at the distribution of cognitive skills are across sectors. Second, most of them, by being based on students' test scores, do not consider the competences that have been developed after formal education and, in particular, in the workplace. Additionally, they do not consider that students can receive their education in one country and end up working in another one; therefore their skills might not stick to the country where they have been measured at the time when they were in secondary schools. In our analysis, we compute a measure of sectoral human capital based on the test scores of the actual workforce present in the different sectors. Results show that this measure is strongly associated with labour productivity, suggesting that using the actual average sectoral cognitive skills can represent a step forward in any kind of future growth accounting exercise.
All in all, these results confirm a need for reforms which aim to improve cognitive skills of the population as "investing in further schooling without ensuring commensurate improvements in cognitive skills does not lead to economic returns" (Hanushek and Woessman, 2015: 44) . University autonomy (particularly in terms of academic approach, staffing, internal organization, and financial management) (Ritzen, 2016) and adequate funding for education (Cathles and Ritzen, 2017) are crucial for reaching higher levels of competences. Future measures to strengthen cognitive skills should be accompanied by sound assessments (Vignoles, 2016) and match financial incentives for schools and teachers with skill achievements. Having said this, it is still central to keep in mind that preparing individuals for a productive employment is just one of the goals that education can and must serve. Preparing students to be critical thinkers, developing their tolerance and civicness as well as enabling them to successfully shape their personal development and wellbeing is of paramount importance and must be considered in any future educational reform. 
176-225
Level 1 Tasks usually require simple one-step or two-step processes involving basic arithmetic operations.
226-275
Level 2 Tasks tend to require the application of two or more steps or processes involving calculation with whole numbers and common decimals, percents and fractions.
276-325
Level 3 Tasks require to understand mathematical information which may be less explicit not always familiar, and represented in more complex ways.
326-375
Level 4 These tasks involve undertaking multiple steps and choosing relevant problem-solving strategies and processes.
376-500 Level 5
Tasks in this level require a broad range of mathematical information that may be complex, abstract or embedded in unfamiliar contexts.
Source: OECD PIAAC Technical Report (2013). 
